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Abstract

Detecting texts generated by Large Language001
Models (LLMs) could cause grave mistakes002
due to incorrect decisions, such as undermin-003
ing student’s academic dignity. LLM text de-004
tection thus needs to ensure the interpretability005
of the decision, which can help users judge006
how reliably correct its prediction is. When007
humans verify whether a text is human-written008
or LLM-generated, they intuitively investigate009
with which of them it shares more similar spans.010
However, existing interpretable detectors are011
not aligned with the human decision-making012
process and fail to offer evidence that users013
easily understand. To bridge this gap, we intro-014
duce ExaGPT, an interpretable detection ap-015
proach grounded in the human decision-making016
process for verifying the origin of a text. Ex-017
aGPT identifies a text by checking whether it018
shares more similar spans with human-written019
vs. with LLM-generated texts from a datastore.020
This approach can provide similar span exam-021
ples that contribute to the decision for each022
span in the text as evidence. Our human evalu-023
ation demonstrates that providing similar span024
examples contributes more effectively to judg-025
ing the correctness of the decision than existing026
interpretable methods. Moreover, extensive ex-027
periments in four domains and three generators028
show that ExaGPT massively outperforms prior029
interpretable detectors by up to +37.0 points of030
accuracy at a false positive rate of 1%. We will031
release our code after acceptance.032

1 Introduction033

LLMs can yield human-like texts in response to var-034

ious textual instructions (OpenAI, 2023b; Touvron035

et al., 2023). Ironically, the powerful generative036

capability has resulted in various misuses of LLMs,037

such as cheating in student homework assignments038

and mass-producing fake news (Tang et al., 2023;039

Wu et al., 2023). Such abuse of LLMs has sparked040

the demand for discerning LLM-generated texts041

from human-written ones.042

Figure 1: Identifying the author of a text (human vs.
LLM) by examining if it shares more similar spans,
including verbatim overlaps and semantically similar
spans, with human-written vs. LLM-generated texts.

While recent powerful detectors (Mitchell et al., 043

2023; Su et al., 2023a; Koike et al., 2024; Hans 044

et al., 2024; Verma et al., 2024) can help prevent 045

potential misuse of LLMs, misclassifications could 046

lead to severe consequences. For instance, web 047

content writers have recently been at risk of los- 048

ing their careers because of false-positive classi- 049

fication (Gizmodo, 2024). In school education, 050

incorrect detection results might ruin students’ aca- 051

demic dignity (OpenAI, 2023a; Bloomberg, 2024). 052

At the same time, it is extremely difficult, if not im- 053

possible, to develop a perfect detector with 100% 054

accuracy in such real-world scenarios. There re- 055

main edge cases where human-written texts can 056

be misidentified as LLM-generated and vice versa. 057

Thus, it is crucial to create a detector that provides 058

interpretable evidence, allowing users to judge how 059

reliably correct the detection results are and recog- 060

nize potential misclassifications (Tang et al., 2023; 061

Ji et al., 2024). 062

Most detectors lack the interpretability of their 063
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Figure 2: Overview of ExaGPT. It detects the author of a text by examining whether the text shares more similar
spans with human-written texts vs. with LLM-generated texts from a datastore.

decisions, outputting only binary labels of who au-064

thored the text. There are few studies on the inter-065

pretability of the detection. Gehrmann et al. (2019)066

color-highlighted the tokens with high probability067

under the predicted distribution of LMs. Mitrović068

et al. (2023); Wang et al. (2024) showed which part069

of a text contributed to a decision based on predic-070

tion shifts via perturbations to the text. Yang et al.071

(2023) provided the n-gram overlaps between the072

original text and re-prompted ones generated by073

LLMs. Here, humans intuitively judge whether a074

text is human-written or LLM-generated by assess-075

ing with which source it shares more similar spans,076

including verbatim overlaps and semantically simi-077

lar spans (Maurer et al., 2006; Barrón-Cedeño et al.,078

2013). However, current detectors are not aligned079

with the human decision-making process (Figure 1)080

and fail to yield sufficiently interpretable evidence081

for users.082

Motivated by this gap, we present ExaGPT, an083

interpretable detection method based on the human084

decision-making process of verifying the origin of085

a text. In particular, ExaGPT makes a prediction086

by examining whether the text shares more similar087

spans with human-written vs. with LLM-generated088

texts from a datastore. This approach can provide089

similar span examples that contribute to the de-090

cision for each span in the text as interpretable091

evidence. To present interpretable span-segmented092

text as a final result, we apply a dynamic program-093

ming algorithm and determine the optimal span094

break. It balances the long span length and its high 095

frequency with the datastore (i.e., many similar 096

phrases to the span exist in the datastore). The 097

similarity of the retrieved spans to each span in the 098

target text can help users judge the reliability of the 099

detection result. 100

To evaluate the interpretability of LLM detec- 101

tion, we conducted a human evaluation of how well 102

people can infer the correctness of the detection 103

from the detector’s evidence, and we found that 104

providing similar span examples contributes more 105

effectively to judging the correctness of the detec- 106

tion than existing interpretable methods. Moreover, 107

extensive experiments in four domains and three 108

generators showed that ExaGPT massively outper- 109

forms prior interpretable and powerful detectors 110

by up to +37.0 points accuracy, even at a constant 111

false positive rate of 1%. From these results, we 112

observe that ExaGPT achieves high interpretabil- 113

ity in its detection result and also high detection 114

performance. 115

2 Methodology 116

ExaGPT classifies a text based on whether it shares 117

more similar spans with human-written or with 118

LLM-generated texts from a datastore. As a fi- 119

nal result, ExaGPT offers the span-segmented text 120

where each span is accompanied by similar span 121

examples that contribute to the decision. Figure 2 122

illustrates the workflow of ExaGPT, which has two 123

phases: Span Scoring and Span Selection. In 124
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the first phase, we mainly investigate whether each125

span in the target text shares more similar spans126

with human-written or LLM-generated texts from a127

datastore. Meanwhile, we calculate scores for each128

span, which we use in the second phase (§2.1). In129

the second phase, we primarily decide the optimal130

span segmentation to aid users’ understanding of131

the final result. Specifically, we apply a dynamic132

programming (DP) algorithm with the scores from133

the first phase to find the span boundaries, balanc-134

ing span length and its frequency within the datas-135

tore (§2.2). Finally, we detect the target text based136

on the selected spans and we provide similar span137

examples for each target span as evidence (§2.3).138

We will go into further details below.139

2.1 Span Scoring with k-NN Search140

Given a target text x to be classified, we define141

an n-gram span in the text x as xi:i+n, which is142

any continuous sequence of n tokens starting in143

the i-th token. For each n-gram target span xi:i+n,144

we retrieve the top-k most similar1 n-gram spans145

sj (j ∈ {1, . . . , k}) from the datastore, with each146

original label and similarity {(sj , lj , cj)}kj=1. Here,147

lj is Human when the span sj is part of a human-148

written text, or LLM when the span sj is a part of a149

LLM-generated text. cj is the similarity between150

the target span xi:i+n and each retrieved span sj .151

Consequently, we calculate the following met-152

rics for each target span xi:i+n: length score L,153

reliability score R, and prediction score P . The154

length score L is the number of tokens in the target155

span:156

L(xi:i+n) = n (1)157

The reliability score R is the mean similarity cj158

between the target span and each retrieved span:159

R(xi:i+n) =

∑k
j=1 cj

k
(2)160

The reliability score R indicates how many similar161

spans exist in the datastore for the target span. The162

prediction score P is a ratio of LLM label in the163

original labels lj of the retrieved spans:164

P (xi:i+n) =

∑k
j=1 1(lj = LLM)

k
. (3)165

The prediction score P indicates whether the target166

span shares more similar spans with human-written167

vs. with LLM-generated texts in the datastore.168

1We encode the target span, and all spans in the datastore
into the same embedding space. We then perform k-nearest
neighbor (k-NN) search based on the cosine similarity of each
two span embeddings. See more details in §3.1.

Algorithm 1 Span Segmentation Optimization

Input: Target text x; Length of target text m;
Length score L; Reliability score R; Maximum
length of n-gram span N ; Hyper-parameter α
Output: List of selected n-grams T
dp[0, . . . ,m− 1]← [([0],None)] ∗m
for i = 1 to m do

for j = min(i−N, 0) to i do
l, r ← Lstd(xj:i), R

std(xj:i)
scores← dp[j][0] + [αl + (1− α)r]
scand ← average(scores)
if average(dp[i][0]) < scand then
dp[i]← (scores, j)

end if
end for

end for
Traverse dp backward and collect span breaks
return List of selected n-grams T

2.2 Span Selection with a DP Algorithm 169

In this phase, we select spans T = [t1, . . . , tH ] 170

in the target text x, so that the text is segmented 171

without overlaps as a final result: 172

x = t1 ⊕ t2 ⊕ · · · ⊕ tH ,

ti ∩ tj = ∅ (i, j ∈ {1, . . . ,H}, i ̸= j)
(4) 173

To facilitate users’ understanding of the final result, 174

we optimize the span segmentation that includes 175

longer and more similar spans with ones from the 176

datastore. Algorithm 1 describes our dynamic pro- 177

gramming strategy to find the best span break. For- 178

mally, we select spans T to maximize the score S 179

across the spans in the target text: 180

S(T ) =

∑H
h=1{αLstd(th) + (1− α)Rstd(th)}

H
.

(5) 181

Here, Lstd(th) and Rstd(th) are the normalized2 182

versions of the length score L and the reliability 183

score R of the span th, respectively. α is an in- 184

terpolation coefficient ranging from 0.0 to 1.0. α 185

determines the relative contribution of the length 186

score and the reliability score to the span segmen- 187

tation. 188

2.3 Overall Detection with Evidence 189

Given a sequence of the selected spans T each with 190

a prediction score for the target text x, ExaGPT 191

2To align the scales of the length score and the reliabil-
ity score, each score is normalized using the mean and the
variance in the validation split of our dataset.
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identifies a text based on the mean prediction score:192

Poverall =

∑H
h=1 P (th)

H
. (6)193

ExaGPT classifies a text as LLM if Poverall exceeds194

a detection threshold ϵ, and otherwise as Human.195

As evidence of the decision, ExaGPT provides re-196

trieved top-k similar spans for each span in the text:197

E = [(th, [s
1
h, . . . , s

k
h])]

H
h=1. (7)198

The similarity of the retrieved spans to each span199

in the target text can help users judge how reliably200

correct the detection result is.201

3 Experiments and Results202

3.1 Overall Setup203

Metrics. To assess the detection performance,204

we use the AUROC score, which is widely used205

in studies on LLM detection. However, it is only206

useful to observe the overall behavior of a detector207

through all possible thresholds. In practice, it is208

critical to minimize the false positive classification,209

i.e., wrongly identifying human-written texts as210

LLM-generated. We thus report the detection ac-211

curacy with a threshold by fixing the false-positive212

rate (FPR) at 1%, which is an evaluation stream213

among recent robustness studies (Krishna et al.,214

2023; Hans et al., 2024; Dugan et al., 2024).215

Datasets. We use the M4 dataset (Wang et al.,216

2024), which is a large-scale detection benchmark217

consisting of pairs of human-written and LLM-218

generated texts across multiple languages, domains,219

and generators. Our experiments use the English220

subset, including 3,000 pairs of human-written and221

LLM-generated texts from each combination of222

four domains: Wikipedia, Reddit, WikiHow, and223

arXiv, and three generators: ChatGPT, GPT-4 as224

closed-source LLMs, and Dolly-v2 (Conover et al.,225

2023) as open-source LLMs. For each combination,226

we split the dataset into three parts: train/valid/test227

with 2,000/500/500 pairs, respectively.228

Baselines. We compare ExaGPT to three strong229

and interpretable detectors (as detailed in §5):230

RoBERTa with SHAP (Mitrović et al., 2023), LR-231

GLTR (Wang et al., 2024), and DNA-GPT (Yang232

et al., 2023). The first one is a supervised clas-233

sifier based on RoBERTa (Liu, 2019), which we234

fine-tune for detection on our train split. Simi-235

larly, we train the LR-GLTR detector on our train236

Figure 3: User interface of ExaGPT. Hovering over a
text span displays the tooltip about the retrieved similar
spans each with the similarity to the span and the origi-
nal label distribution.

split with selected and hand-crafted GLTR features 237

(Gehrmann et al., 2019), following (Wang et al., 238

2024). The hyper-parameter settings for training 239

both RoBERTa and LR-GLTR are aligned with 240

(Wang et al., 2024). Further configurations of the 241

baselines are in Appendix A. 242

ExaGPT. In the span scoring phase, ExaGPT 243

leverages our train split as the datastore for each 244

combination of domains and generators. We con- 245

sider the size of n-gram to be from 1 to 20 through- 246

out the entire dataset. We embed the target span 247

and all spans in the datastore into the same vector 248

space using BERT3. For a span embedding, we feed 249

a text into BERT and take the mean second-layer4 250

hidden outputs of tokens included in the span. We 251

retrieve the top-k (=10)5 most similar spans from 252

the datastore for each target span via k-NN search 253

using the FAISS (Johnson et al., 2017). 254

In the span selection phase, we select the opti- 255

mal α from values between 0.0 and 1.0 at 0.125 256

intervals, where ExaGPT exhibits the best detection 257

performance in our validation split. The α is con- 258

stant through our evaluation of the interpretability 259

and the detection performance of ExaGPT. 260

3https://huggingface.co/google-bert/
bert-large-uncased

4We select the layer where the k-NN spans are similar
to the target span well-balanced lexically and semantically,
enhancing its interpretability in our pilot study.

5We choose the value of k so that ExaGPT shows favorable
detection performance over smaller values in our pilot study
and does not reduce the interpretability of its evidence. Since
ExaGPT presents retrieved spans as evidence, keeping k small
helps users assess detection correctness based on a manageable
amount of information.
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Human Evaluation on Interpretability. We as-261

sess the interpretability of detectors through human262

evaluation, since it is crucial for a detector to pro-263

vide evidence that allows users to judge how reli-264

able the detection result is. Therefore, we first de-265

sign a human evaluation that tests whether the pro-266

vided evidence actually helps users judge whether267

the detection is correct, which is a practical aspect268

overlooked in prior detection work. Specifically,269

participants are shown the detection evidence and270

asked to judge whether the detection is correct.271

Consequently, our interpretability metric is defined272

as the accuracy of human judgments of detection273

correctness based on the evidence.274

For each detector, we evaluate 96 samples6 from275

our test split in all combinations of domains and276

generators so that the ratio of correct and incorrect277

detections7 is even. In our human evaluation, four278

annotators, including one MSc student, one PhD279

student, and two researchers working in natural280

language processing, were provided with differ-281

ent samples. Figure 3 shows the user interface of282

ExaGPT in our human evaluation. The spans are283

highlighted8 in red, green, and blue for which pre-284

diction score P is lower than 0.5 (human-written),285

equal to 0.5 (neither), and higher than 0.5 (LLM-286

generated), respectively. The participants identify287

the correctness of the detection by mainly investi-288

gating similar span examples for each span in the289

text. We elaborate on the detection evidence of290

each baseline detector in Appendix B.291

3.2 Results292

Detection Interpretability. Table 1 presents the293

difference in the accuracy of human judgments on294

the detection correctness based on evidence across295

baseline detectors and ExaGPT. The accuracy of296

human judgments on ExaGPT is relatively higher297

compared to baseline detectors by up to +13.6298

points. This indicates that ExaGPT offers more299

interpretable evidence than other baselines, helping300

humans judge the correctness of detections more301

effectively. Here, DNA-GPT also offers n-gram302

span overlaps between the target text and the re-303

generated LLM texts from the truncated part as304

6The 96 samples for each detector consist of two samples
(one correct and one incorrect) across four domains and three
generators, distributed among four participants.

7We focus on the setting of the 1% FPR threshold based
on practical scenarios.

8ExaGPT performs the overall detection rather than detect-
ing each span individually. However, for better readability,
each span is color-highlighted on its prediction score.

Detector ACC. of Human Judgements (%) ↑

RoBERTa 47.9
LR-GLTR 57.3
DNA-GPT 53.1
ExaGPT 61.5

Table 1: Comparison of the accuracy (ACC.) of human
judgments on the correctness of detections based on
evidence across baseline detectors and ExaGPT. Higher
accuracy implies that the detector provides more inter-
pretable evidence to users.

evidence. The comparison of the human evaluation 305

score between DNA-GPT and ExaGPT suggests 306

that providing not only simple overlaps but also 307

semantically similar spans contributes to better in- 308

terpretability. We further investigate how the simi- 309

larity between the target span and retrieved spans 310

correlates with the correctness of the detection of 311

ExaGPT in §4. 312

Detection Performance. Table 2 presents the dif- 313

ferences in detection performance between baseline 314

detectors and ExaGPT across domains and genera- 315

tors. The detection performance includes AUROC 316

and the accuracy at 1% FPR. Overall, ExaGPT con- 317

sistently demonstrates detection performance on 318

par with or better than baselines, including super- 319

vised classifiers. Specifically, on accuracy at 1% 320

FPR, ExaGPT achieves the best average detection 321

performance on all three generators, outperforming 322

baselines by a large margin of up to +37.0 points. 323

This suggests that ExaGPT is the most effective 324

detector in practical scenarios, where we need to 325

minimize the false positives. 326

In summary, ExaGPT achieved both superior 327

interpretability of the detection and exceptional 328

detection performance compared to previous inter- 329

pretable detectors. 330

4 Analysis 331

What Makes ExaGPT Interpretable. Our hu- 332

man evaluations demonstrate that ExaGPT pro- 333

vides highly interpretable evidence compared to 334

prior detectors. To explore the reason for this, we 335

investigate the difference in the characteristics of 336

the selected spans as a final output between correct 337

and incorrect predictions by ExaGPT. We focus 338

on span length and mean similarity between each 339

target span and the retrieved spans (reliability score 340

R), which are prioritized in the span selection. We 341

randomly select 1,000 correct and 1,000 incorrect 342

ExaGPT predictions on our test splits across all 343
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Generator Detector
Wikipedia Reddit WikiHow arXiv Average

AUROC ACC. AUROC ACC. AUROC ACC. AUROC ACC. AUROC ACC.

ChatGPT
RoBERTa 100.0 77.1 99.8 61.0 100.0 50.0 100.0 87.3 100.0 68.9
LR-GLTR 95.0 60.0 99.4 94.0 97.5 85.8 99.8 97.7 97.9 84.4
DNA-GPT 84.8 49.4 92.3 62.9 99.4 93.5 89.0 59.9 91.4 66.4
ExaGPT 98.6 92.3 98.9 86.6 99.5 96.0 99.6 95.8 99.2 92.7

GPT-4
RoBERTa 100.0 87.8 100.0 66.4 100.0 77.4 100.0 68.6 100.0 75.1
LR-GLTR 97.8 85.7 99.6 97.2 94.8 77.8 100.0 98.5 98.1 89.8
DNA-GPT 40.3 48.1 71.9 68.6 44.6 49.9 72.2 54.4 57.3 55.3
ExaGPT 98.3 87.3 99.3 91.1 98.8 92.2 99.7 98.7 99.0 92.3

Dolly-v2
RoBERTa 100.0 61.8 100.0 50.0 100.0 70.8 100.0 82.8 100.0 66.4
LR-GLTR 79.7 57.7 95.3 79.0 72.4 55.0 93.7 78.2 85.3 67.5
DNA-GPT 68.0 61.5 67.5 66.1 87.7 82.3 64.9 57.7 72.0 66.9
ExaGPT 85.8 63.8 96.2 76.6 94.3 75.6 85.2 67.3 90.4 70.8

Table 2: Comparison of detection performances of ExaGPT and baseline detectors on texts from various domains
and generators. ACC. indicates the detection accuracy at 1% FPR. Bold and Underline indicate the best and
runner-up performance for each combination of domains and generators.

Figure 4: Reliability score distributions of long spans
(n ≥ 10) in correct and incorrect samples of ExaGPT.

combinations of domains and generators.344

Figure 4 presents the reliability score distribu-345

tions of long spans (n ≥ 10) for correct and incor-346

rect samples. A rightward shift indicates that cor-347

rect samples of ExaGPT include more long spans348

with higher reliability scores than incorrect ones.349

This suggests that offering long spans with high350

reliability scores helps users judge the correctness351

of the detections. Table 7 presents examples of352

long spans (n = 19) with high reliability scores353

for a target span retrieved by ExaGPT. We can see354

that the retrieved spans are well-balanced between355

lexical and semantic similarity to the target span.356

Due to space limitations, the full table is provided357

in Appendix C.358

Impact of α. In our experiments, we determine359

the optimal coefficient α for ExaGPT (as used in360

Eq. 5) based on the best detection performance361

on the validation split. To examine the robustness362

of ExaGPT to the choice of α, we analyze how363

detection performance varies as α changes.364

Figure 5 depicts the relationship between α and365

Figure 5: Impact of α on the detection performance of
ExaGPT, using ChatGPT as a generator.

the detection performance of ExaGPT, evaluated 366

on ChatGPT-generated text across four domains. α 367

ranges from 0.0 to 1.0 in increments of 0.125. We 368

observe that larger values of α generally lead to 369

lower detection performance. This suggests that 370

placing greater weight on the reliability score (i.e., 371

selecting target spans that are more similar to spans 372

in the datastore) improves detection performance. 373

Notably, across all four domains, the lowest AU- 374

ROC is 98.5%, suggesting that changes in α do not 375

cause a substantial performance drop that would 376

change the ranking of detectors. See Appendix C 377

for consistent trends in all generators. 378

Impact of Datastore Size. In our evaluation, Ex- 379

aGPT uses the train split as the datastore from 380

which it retrieves the top-k most similar spans for 381

each span in a target text. To study the robust- 382

ness of ExaGPT to datastore size, we analyze how 383

detection performance varies as the datastore size 384

changes. The train split contains 2,000 pairs of 385

human-written and LLM-generated texts. We ran- 386

domly sample {500, 1,000, 1,500, 2,000} pairs 387
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Figure 6: Impact of the datastore size on the detection
performance of ExaGPT, using ChatGPT as a generator.

from the train split as datastores of different sizes.388

Figure 6 shows the relationship between datas-389

tore size and the detection performance of ExaGPT390

across four domains using ChatGPT as the genera-391

tor. Overall, ExaGPT remains robust to datastore392

size, exhibiting only minor performance degrada-393

tion. Interestingly, ExaGPT with a datastore of394

500 pairs performs comparably to using the full395

2,000 pairs in terms of AUROC. See Appendix C396

for consistent trends in all generators.397

Unknown Domain or Generator. While our pri-398

mary goal is to improve interpretability in detection,399

we also perform cross-domain and cross-generator400

experiments to examine how ExaGPT can be lever-401

aged in more realistic settings. Table 3 reports the402

cross-domain results. “ALL” denotes the setting403

where the datastore is constructed from all domains,404

using equal random samples to match the total size405

of the single-domain setting. Table 4 reports the406

cross-generator results. Similarly, “ALL” uses a407

datastore built from all generators, randomly and408

equally sampled to match the single-generator size.409

We observe that when the domain or generator in410

our datastore is different from the target model or411

generator, detection performance is reduced. How-412

ever, using multiple sources in the datastore is often413

more realistic in practice, and our results show that414

in the “ALL” setting, ExaGPT maintains consis-415

tently high performance across domains and gener-416

ators. The tables further offer insights into which417

domains or generators are effective to consider in418

the datastore for generalization. For instance, in-419

cluding Reddit mitigates AUROC drops across do-420

mains, whereas including ChatGPT helps maintain421

high detection performance against GPT-4.422

Paraphrased Text. We also investigate the ro-423

bustness of ExaGPT against paraphrased text. Fol-424

lowing Krishna et al. (2023), we utilize DIPPER,425

Test

Wikipedia Reddit WikiHow arXiv Average

Tr
ai

n

Wikipedia 98.3 / 87.3 91.7 / 68.2 54.1 / 53.3 89.3 / 60.5 83.4 / 67.3

Reddit 90.1 / 60.7 99.3 / 91.1 74.6 / 50.6 93.0 / 63.9 89.3 / 66.6

WikiHow 66.2 / 50.6 76.9 / 60.4 98.8 / 92.2 64.7 / 51.6 76.7 / 63.7

arXiv 73.7 / 50.4 86.3 / 56.2 57.0 / 51.5 99.7 / 98.7 79.2 / 64.2

ALL 94.3 / 80.7 96.7 / 83.5 92.9 / 73.4 99.5 / 96.7 95.9 / 83.6

Table 3: Cross-domain detection with GPT-4 as the
generator. The scores are AUROC / Acc@FPR=1%.

Test

ChatGPT GPT-4 Dolly Average

ChatGPT 99.6 / 95.8 98.2 / 84.5 63.2 / 50.3 87.0 / 76.9

Tr
ai

n GPT-4 94.6 / 66.6 99.7 / 98.7 61.8 / 51.5 85.4 / 72.3
Dolly 93.0 / 69.9 89.9 / 65.5 85.2 / 67.3 89.4 / 67.6

ALL 98.9 / 91.4 99.3 / 95.6 76.4 / 52.9 91.5 / 80.0

Table 4: Cross-generator detection with arXiv as the
domain. The scores are AUROC / Acc@FPR=1%.

an 11B document-level paraphraser, to rewrite 426

machine-generated text. Table 5 reports results 427

on all domains using ChatGPT as the generator. 428

Among strong interpretable detectors, LR-GLTR 429

was the runner-up in our original in-domain eval- 430

uation (§3.2). Even under paraphrasing, ExaGPT 431

maintains moderately high detection performance 432

and consistently outperforms LR-GLTR. 433

Comparison with state-of-the-art detectors. To 434

understand the trade-off between interpretability 435

and detection performance, we also compare Ex- 436

aGPT with state-of-the-art non-interpretable detec- 437

tors. Table 6 reports results for Binoculars and Fast- 438

DetectGPT, which are strong metrics-based detec- 439

tors. The evaluation is conducted on ChatGPT- 440

generated text across all domains. Notably, despite 441

being interpretable, ExaGPT achieves detection 442

performance on par with or even better than these 443

state-of-the-art non-interpretable detectors. 444

Inference Cost. We evaluate the inference effi- 445

ciency of ExaGPT, focusing on the cost of the k-NN 446

search. Reducing the datastore from 2,000 to 500 447

pairs substantially decreases memory usage and 448

inference latency, with almost no loss in detection 449

performance. Using k-NN approximation further 450

reduces the cost while still maintaining competitive 451

performance. These results indicate that ExaGPT 452

can be deployed efficiently even under limited com- 453

putational budgets. Detailed results and tables are 454

presented in Appendix C. 455
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Detector Wikipedia Reddit WikiHow arXiv Average

LR-GLTR 89.4 / 60.2 97.0 / 76.8 89.5 / 58.0 99.6 / 96.7 93.9 / 72.9

ExaGPT 98.0 / 86.5 97.2 / 69.4 91.1 / 73.8 97.7 / 76.4 96.0 / 76.5

Table 5: Performance on paraphrased text. The scores
are AUROC / Acc@FPR=1%.

Detector Wikipedia Reddit WikiHow arXiv Average

Binoculars 83.4 / 49.4 72.4 / 55.0 80.9 / 65.0 84.1 / 58.2 80.2 / 56.9

F.GPT 99.6 / 98.1 99.4 / 94.7 95.8 / 85.4 100.0 / 98.1 98.7 / 94.1

ExaGPT 98.6 / 92.3 98.9 / 86.6 99.5 / 96.0 99.6 / 95.8 99.2 / 92.7

Table 6: Performance Comparison with state-of-the-art
non-interpretable detectors. The scores are AUROC /
Acc@FPR=1%. F.GPT: Fast-DetectGPT.

5 Related Work456

LLM-Generated Text Detection. Prior studies457

have presented various types of detection algo-458

rithms for LLM-generated text, which can be459

broadly grouped into three categories: text water-460

marking, metrics-based, and supervised classifiers.461

Text watermarking modifies the decoding process462

so that secretly selected tokens appear more fre-463

quently, enabling detection by checking their ratio464

in the output (Kirchenbauer et al., 2023). Metrics-465

based methods measure the probabilistic discrep-466

ancy of a text with the model’s predicted distribu-467

tion, using signals such as token log probabilities468

(Gehrmann et al., 2019), token ranks (Solaiman469

et al., 2019; Su et al., 2023b), entropy (Lavergne470

et al., 2008), perplexity (Beresneva, 2016; Hans471

et al., 2024), and negative probability curvature472

(Mitchell et al., 2023; Bao et al., 2024). Super-473

vised classifiers are models specifically fine-tuned474

to discern human-written and LLM-generated texts475

with labels. They vary from probabilistic (Ippolito476

et al., 2020; Crothers et al., 2023) to neural meth-477

ods (Uchendu et al., 2020; Rodriguez et al., 2022;478

Guo et al., 2023).479

Interpretability of the Detection Results. To480

minimize the undesired consequences of detection,481

there is need to develop an LLM detector that pro-482

vides interpretable evidence for the decision. How-483

ever, most detectors output only a binary label, and484

only a few studies aim to provide interpretable evi-485

dence. GLTR (Gehrmann et al., 2019) highlights486

tokens with high model likelihood. Other stud-487

ies apply explainable machine learning techniques488

such as LIME and SHAP to supervised classifiers489

(Mitrović et al., 2023; Wang et al., 2024; Ribeiro490

et al., 2016; Lundberg and Lee, 2017). DNA-GPT491

(Yang et al., 2023) compares n-gram overlaps be- 492

tween the target text and LLM-generated continua- 493

tions, providing actual LLM texts with overlaps as 494

evidence. 495

Unlike prior interpretable detectors, our ExaGPT 496

is grounded by the human decision-making process 497

(Maurer et al., 2006; Barrón-Cedeño et al., 2013) 498

of verifying the origin of a text and can provide 499

more interpretable evidence, as explained in the 500

previous sections. 501

Example Retrieval for Interpretability. Be- 502

yond LLM text detection, presenting retrieved ex- 503

amples has been widely used to improve inter- 504

pretability across NLP tasks, from text generation 505

(Khandelwal et al., 2020) to sequential text classifi- 506

cation (Wiseman and Stratos, 2019; Jurafsky et al., 507

2020; Kaneko et al., 2022). In these approaches, 508

predictions are typically obtained by interpolating 509

the base model’s output distribution with a dis- 510

tribution derived from retrieved nearest-neighbor 511

examples. 512

Our work has a similar direction of using re- 513

trieved similar examples for better interpretability 514

with prior studies in other NLP tasks. In LLM text 515

detection, it is critical to segment the target text 516

into n-gram spans with individually assigned labels 517

(Cheng et al., 2025). ExaGPT therefore retrieves 518

similar examples for each span and optimizes the 519

final segmentation using dynamic programming. 520

6 Conclusion 521

We introduced ExaGPT, an interpretable human 522

vs. machine detection approach grounded in the 523

human decision-making process of verifying the 524

origin of a text. In particular, ExaGPT classifies a 525

text by examining whether it shares more verbatim 526

and semantically similar spans with human-written 527

vs. with LLM-generated texts from an available 528

datastore. As evidence of the detection, ExaGPT 529

offers similar span examples for each span in the 530

text. The human evaluation and further analysis 531

show that providing similar span examples allows 532

users to judge the correctness of the detection more 533

effectively than prior interpretable detectors. More- 534

over, extensive experiments in various domains 535

and generators revealed that ExaGPT has shown 536

notably superior detection performance compared 537

to previous strong detectors, even at a false positive 538

rate of 1%. These results indicate that ExaGPT 539

is a detector with both high interpretability in its 540

decision and high detection performance. 541
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7 Limitations542

Bias in the Human Judgments. Our human eval-543

uation involved four participants with NLP back-544

grounds, which may limit generalizability to typ-545

ical users. We selected the evaluators to ensure546

high-quality, consistent feedback for this initial and547

information-intensive task, requiring annotators to548

carefully read and assess the validity of the detec-549

tion based on its evidence for every single sample.550

Although ExaGPT is designed to be intuitive even551

for non-experts by providing concrete span-level552

textual evidence rather than probabilistic or attribu-553

tion scores, we leave its validation on broader user554

populations for future work.555

8 Ethics and Broader Impact556

Human Subject Considerations. In our study,557

human subjects are engaged in identifying the cor-558

rectness of the detection based on evidence. All559

annotators provided informed consent, were fully560

aware of the study’s objectives, and had the right561

to withdraw at any time.562

Transparency and Reproducibility. To promote563

open research, we release our code and data to the564

public, including all human annotations.565

References566

Guangsheng Bao, Yanbin Zhao, Zhiyang Teng, Linyi567
Yang, and Yue Zhang. 2024. Fast-detectgpt: Ef-568
ficient zero-shot detection of machine-generated569
text via conditional probability curvature. Preprint,570
arXiv:2310.05130.571

Alberto Barrón-Cedeño, Marta Vila, M. Antònia Martí,572
and Paolo Rosso. 2013. Plagiarism meets paraphras-573
ing: Insights for the next generation in automatic574
plagiarism detection. Computational Linguistics,575
39(4):917–947.576

Daria Beresneva. 2016. Computer-generated text de-577
tection using machine learning: A systematic review.578
In 21st International Conference on Applications of579
Natural Language to Information Systems, NLDB,580
pages 421–426. Springer.581

Bloomberg. 2024. Ai detectors falsely accuse students582
of cheating—with big consequences. Accessed on583
2024-10-20.584

Zihao Cheng, Li Zhou, Feng Jiang, Benyou Wang, and585
Haizhou Li. 2025. Beyond binary: Towards fine-586
grained LLM-generated text detection via role recog-587
nition and involvement measurement. In THE WEB588
CONFERENCE 2025.589

Mike Conover, Matt Hayes, Ankit Mathur, Jianwei Xie, 590
Jun Wan, Sam Shah, Ali Ghodsi, Patrick Wendell, 591
Matei Zaharia, and Reynold Xin. 2023. Free Dolly: 592
Introducing the World’s First Truly Open Instruction- 593
Tuned LLM. Accessed: 2024-7-12. 594

Evan Crothers, Nathalie Japkowicz, and Herna Viktor. 595
2023. Machine generated text: A comprehensive sur- 596
vey of threat models and detection methods. Preprint, 597
arXiv:2210.07321. 598

Liam Dugan, Alyssa Hwang, Filip Trhlík, Andrew 599
Zhu, Josh Magnus Ludan, Hainiu Xu, Daphne Ip- 600
polito, and Chris Callison-Burch. 2024. RAID: A 601
shared benchmark for robust evaluation of machine- 602
generated text detectors. In Proceedings of the 62nd 603
Annual Meeting of the Association for Computational 604
Linguistics (Volume 1: Long Papers), pages 12463– 605
12492, Bangkok, Thailand. Association for Compu- 606
tational Linguistics. 607

Sebastian Gehrmann, Hendrik Strobelt, and Alexan- 608
der M. Rush. 2019. Gltr: Statistical detection 609
and visualization of generated text. Preprint, 610
arXiv:1906.04043. 611

Gizmodo. 2024. AI Detectors Get It Wrong. Writers 612
Are Being Fired Anyway. Accessed on 2024-07-12. 613

Biyang Guo, Xin Zhang, Ziyuan Wang, Minqi Jiang, Jin- 614
ran Nie, Yuxuan Ding, Jianwei Yue, and Yupeng Wu. 615
2023. How close is chatgpt to human experts? com- 616
parison corpus, evaluation, and detection. Preprint, 617
arXiv:2301.07597. 618

Abhimanyu Hans, Avi Schwarzschild, Valeriia 619
Cherepanova, Hamid Kazemi, Aniruddha Saha, 620
Micah Goldblum, Jonas Geiping, and Tom Goldstein. 621
2024. Spotting llms with binoculars: Zero-shot 622
detection of machine-generated text. Preprint, 623
arXiv:2401.12070. 624

Daphne Ippolito, Daniel Duckworth, Chris Callison- 625
Burch, and Douglas Eck. 2020. Automatic detec- 626
tion of generated text is easiest when humans are 627
fooled. In Proceedings of the 58th Annual Meeting of 628
the Association for Computational Linguistics, pages 629
1808–1822, Online. Association for Computational 630
Linguistics. 631

Jiazhou Ji, Ruizhe Li, Shujun Li, Jie Guo, Weidong Qiu, 632
Zheng Huang, Chiyu Chen, Xiaoyu Jiang, and Xinru 633
Lu. 2024. Detecting machine-generated texts: Not 634
just "ai vs humans" and explainability is complicated. 635
Preprint, arXiv:2406.18259. 636

Jeff Johnson, Matthijs Douze, and Hervé Jégou. 2017. 637
Billion-scale similarity search with gpus. Preprint, 638
arXiv:1702.08734. 639

Dan Jurafsky, Joyce Chai, Natalie Schluter, and Joel 640
Tetreault. 2020. Proceedings of the 58th annual meet- 641
ing of the association for computational linguistics. 642
In Proceedings of the 58th Annual Meeting of the 643
Association for Computational Linguistics. 644

9

https://arxiv.org/abs/2310.05130
https://arxiv.org/abs/2310.05130
https://arxiv.org/abs/2310.05130
https://arxiv.org/abs/2310.05130
https://arxiv.org/abs/2310.05130
https://doi.org/10.1162/COLI_a_00153
https://doi.org/10.1162/COLI_a_00153
https://doi.org/10.1162/COLI_a_00153
https://doi.org/10.1162/COLI_a_00153
https://doi.org/10.1162/COLI_a_00153
https://tinyurl.com/bloomberg-ai-detector
https://tinyurl.com/bloomberg-ai-detector
https://tinyurl.com/bloomberg-ai-detector
https://tinyurl.com/databricks-introducing-dolly
https://tinyurl.com/databricks-introducing-dolly
https://tinyurl.com/databricks-introducing-dolly
https://tinyurl.com/databricks-introducing-dolly
https://tinyurl.com/databricks-introducing-dolly
https://arxiv.org/abs/2210.07321
https://arxiv.org/abs/2210.07321
https://arxiv.org/abs/2210.07321
https://doi.org/10.18653/v1/2024.acl-long.674
https://doi.org/10.18653/v1/2024.acl-long.674
https://doi.org/10.18653/v1/2024.acl-long.674
https://doi.org/10.18653/v1/2024.acl-long.674
https://doi.org/10.18653/v1/2024.acl-long.674
https://arxiv.org/abs/1906.04043
https://arxiv.org/abs/1906.04043
https://arxiv.org/abs/1906.04043
https://tinyurl.com/ai-detectors-writers-fired
https://tinyurl.com/ai-detectors-writers-fired
https://tinyurl.com/ai-detectors-writers-fired
https://arxiv.org/abs/2301.07597
https://arxiv.org/abs/2301.07597
https://arxiv.org/abs/2301.07597
https://arxiv.org/abs/2401.12070
https://arxiv.org/abs/2401.12070
https://arxiv.org/abs/2401.12070
https://doi.org/10.18653/v1/2020.acl-main.164
https://doi.org/10.18653/v1/2020.acl-main.164
https://doi.org/10.18653/v1/2020.acl-main.164
https://doi.org/10.18653/v1/2020.acl-main.164
https://doi.org/10.18653/v1/2020.acl-main.164
https://arxiv.org/abs/2406.18259
https://arxiv.org/abs/2406.18259
https://arxiv.org/abs/2406.18259
https://arxiv.org/abs/1702.08734


Masahiro Kaneko, Sho Takase, Ayana Niwa, and Naoaki645
Okazaki. 2022. Interpretability for language learners646
using example-based grammatical error correction.647
In Proceedings of the 60th Annual Meeting of the648
Association for Computational Linguistics (Volume649
1: Long Papers), pages 7176–7187, Dublin, Ireland.650
Association for Computational Linguistics.651

Urvashi Khandelwal, Angela Fan, Dan Jurafsky, Luke652
Zettlemoyer, and Mike Lewis. 2020. Nearest653
neighbor machine translation. arXiv preprint654
arXiv:2010.00710.655

John Kirchenbauer, Jonas Geiping, Yuxin Wen,656
Jonathan Katz, Ian Miers, and Tom Goldstein. 2023.657
A Watermark for Large Language Models. Preprint,658
arXiv:2301.10226.659

Ryuto Koike, Masahiro Kaneko, and Naoaki Okazaki.660
2024. OUTFOX: LLM-Generated Essay Detec-661
tion Through In-Context Learning with Adversari-662
ally Generated Examples. In Proceedings of the 38th663
AAAI Conference on Artificial Intelligence, Vancou-664
ver, Canada.665

Kalpesh Krishna, Yixiao Song, Marzena Karpinska,666
John Wieting, and Mohit Iyyer. 2023. Paraphras-667
ing evades detectors of ai-generated text, but retrieval668
is an effective defense. Preprint, arXiv:2303.13408.669

Thomas Lavergne, Tanguy Urvoy, and François Yvon.670
2008. Detecting Fake Content with Relative Entropy671
Scoring. In Proceedings of the ECAI’08 Workshop672
on Uncovering Plagiarism, Authorship and Social673
Software Misuse, CEUR Workshop Proceedings.674

Yinhan Liu. 2019. Roberta: A robustly opti-675
mized bert pretraining approach. arXiv preprint676
arXiv:1907.11692, 364.677

Scott Lundberg and Su-In Lee. 2017. A unified ap-678
proach to interpreting model predictions. Preprint,679
arXiv:1705.07874.680

Hermann Maurer, Frank Kappe, and Bilal Zaka. 2006.681
Plagiarism – a survey. Journal of Universal Com-682
puter Science, 12(8):1050–1084.683

Eric Mitchell, Yoonho Lee, Alexander Khazatsky,684
Christopher D. Manning, and Chelsea Finn. 2023.685
DetectGPT: Zero-Shot Machine-Generated Text De-686
tection using Probability Curvature. Preprint,687
arXiv:2301.11305.688
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A Detailed Configurations of Baselines772

LR-GLTR. Following the setting of (Wang et al.,773

2024), we leverage the two categories of GLTR774

features: (1) the number of tokens in the top-{10,775

100, 1,000, 1,000+} ranks in the predicted prob-776

ability distribution of LLMs (four features), and777

(2) the probability distribution of the word divided778

by the maximum probability of any word at the779

same position over 10 bins between 0.0 and 1.0780

(ten features).781

DNA-GPT. For DNA-GPT, we set the trunca-782

tion ratio γ to 0.7 and 0.5, and the number of783

re-generations K to 10 and 5 for closed-source784

and open-source LLMs. We ensured that the785

temperature is the same as the one used to gener-786

ate a target text and that the generation prompt is787

known. These configurations were found to ensure788

the favorable performance of DNA-GPT in (Yang789

et al., 2023). We set all other hyperparameters to790

their default values.791

B Detection Evidence of Baselines792

RoBERTa with SHAP. Figure 7 depicts an ex-793

ample of evidence by RoBERTa with SHAP. We794

visualize the evidence using the SHAP library9.795

Overall, the red parts are spans that contribute796

to predicting LLM-generated. The blue parts are797

spans that contribute to predicting human-written.798

In the evidence, if the prediction value, f(inputs)799

moves further to the right compared to the base800

value (the expected value across all data samples),801

it is more likely to be LLM-generated. When we802

hover over a colored part, we can also see a score803

of how much the part contributes to the detection804

9https://shap.readthedocs.io/

result. The more a span contributes to the decision, 805

the darker its color. 806

LR-GLTR. Figure 8 displays an example of ev- 807

idence by LR-GLTR. We leverage a demo app10 808

of GLTR, provided by Gehrmann et al. (2019). It 809

highlights tokens in different colors based on their 810

rank of top-{10, 100, 1,000, 1,000+} in the pre- 811

dicted token distribution from an LLM. The higher 812

the rank of the token, the more likely an LLM is 813

to generate the token. The green parts are spans 814

that an most likely LLM-generated. The degree 815

decreases in the order of green, yellow, red, and 816

purple. When we hover a cursor on a colored part, 817

we can also see the predicted token distribution of 818

an LLM. 819

DNA-GPT. Figure 9 shows an example of evi- 820

dence by DNA-GPT. We implemented a demo app 821

of DNA-GPT with the streamlit framework11. It 822

shows overlapped n-gram spans between a trun- 823

cated target text and multiple LLM-generated con- 824

tinuations. The more blue spans, the more likely 825

the text is LLM-generated. For span matching, 826

we follow the original implementation of DNA- 827

GPT12 where it was achieved by token-level match- 828

ing based on preprocessing of the lower casing and 829

stemming. We also set n to 8 in order to show a 830

large number of overlapped spans enough to inter- 831

pret as evidence. 832

C Analysis Details 833

Example of k-NN spans. Table 7 presents exam- 834

ples of long spans (n = 19) with high reliability 835

scores for a target span retrieved by ExaGPT. 836

Impact of α. Figure 10 showcases the impact of 837

α on the detection performance of ExaGPT across 838

four domains and three generators. We found simi- 839

lar overall trends of the impact of α in other LLMs, 840

including GPT-4 and Dolly-v2, with the impact in 841

ChatGPT, as explained in §4. 842

Impact of the Datastore Size. Figure 11 show- 843

cases the impact of the datastore size on the detec- 844

tion performance of ExaGPT across four domains 845

and three generators. We can observe similar over- 846

all trends of the impact of datastore size in other 847

LLMs, including GPT-4 and Dolly-v2, with the 848

impact in ChatGPT as explained in §4. 849

10http://demo.gltr.io/client/index.html
11https://github.com/streamlit/streamlit
12https://github.com/Xianjun-Yang/DNA-GPT
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Target Span LLM published in 1993. The novel tells the story of a young Jewish slave, Hadassah,

k-NN Spans

LLM (0.92) and was first published in 1936. The book tells the story of three orphaned sisters,
LLM (0.92) published in 2012. The novel revolves around the story of a young woman
LLM (0.90) and published in 2010. The novel tells the story of Michael Beard, a
LLM (0.90) ling of the biblical book, Song of Solomon, and is considered one of the
LLM (0.90) man and published in 1963. The book was later adapted into a Disney film of the
LLM (0.90) . The film tells the story of a young
Human (0.89) the Xanth series. It is the second book of a trilogy beginning with Vale of the
LLM (0.89) published in 1959. The novel is set in the Arctic region and follows the story of Dr.
Human (0.89) . It is the third novel in the Dahak trilogy, after the de
LLM (0.89) for his semi-autobiographical novel, “The Watch that Ends the Night”. Born in

Table 7: Examples of k-NN spans for a target span retrieved by ExaGPT. The colored part represents the original
label for each span (LLM in blue and Human in red, respectively). In the part of k-NN spans, the similarity between
the target span and each k-NN span is added.

#Instance GPU memory (GB) Latency (sec.) AUROC

2000 pair 36M 162.2 14.6 99.5
500 pair 9.1M 54.7 (66%↓) 5.81 (60%↓) 99.4
500 pair + IVFPQ 9.1M 20.2 (87%↓) 1.22 (90%↓) 97.8

Table 8: Inference cost analysis of ExaGPT.

Inference Cost. In our preliminary analysis, we850

found that the inference cost of embedding gen-851

eration and DP-based segmentation was negligi-852

ble compared to the k-NN search, which was the853

primary bottleneck due to the large datastore con-854

taining extensive n-gram instances. Therefore, we855

have measured inference latency and GPU memory856

usage focusing on the k-NN search component. We857

also have conducted experiments with FAISS us-858

ing IVFPQ indexes, to reduce resource usage and859

improve inference speed.860

Table 8 provides the results on the WikiHow do-861

main with ChatGPT. Here, #Instance refers to the862

number of n-gram spans in the datastore. While863

we observe that achieving full performance with a864

datastore of 2,000 pairs requires considerable com-865

putational resources and higher latency, reducing866

the size to 500 pairs decreases GPU memory usage867

by 66% and latency by 60% without compromis-868

ing detection performance. With the additional869

use of FAISS-based k-NN approximation, the re-870

quirements are further reduced by 87% in memory871

and over 90% in latency, while the performance872

drop is still moderate. These findings highlight the873

promising practical applicability of ExaGPT.874

D Computational Budget875

We run all the experiments with two AMD EPYC876

7453 CPUs and four NVIDIA A6000 GPUs. The877

total processing time is approximately 25 hours. 878
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Figure 7: Example of evidence by RoBERTa with SHAP.

Figure 8: Example of evidence by LR-GLTR.

Figure 9: Example of evidence by DNA-GPT.
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Figure 10: Impact of α on the detection performance of ExaGPT, including the AUROC and the accuracy at 1%
FPR, across four domains and three generators.

Figure 11: Impact of the datastore size on the detection performance of ExaGPT, including the AUROC and the
accuracy at 1% FPR, across four domains and three generators.
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